H edge funds' extensive use of derivatives, short selling, and leverage and their dynamic trading strategies create significant nonnormalities in their return distributions. Hence, the traditional performance measures fail to provide an accurate characterization of the relative strength of hedge fund portfolios. This paper uses the utility-based nonparametric and parametric performance measures to determine which hedge fund strategies outperform the U.S. equity and/or bond markets. The results from the realized and simulated return distributions indicate that the long/short equity hedge and emerging markets hedge fund strategies outperform the U.S. equity market, and the long/short equity hedge, multistrategy, managed futures, and global macro hedge fund strategies dominate the U.S. Treasury market.
Introduction
Hedge funds employ a wide variety of dynamic trading strategies, and make extensive use of derivatives, short selling, and leverage (see Aragon and Martin 2012) . Most hedge fund investment strategies aim to achieve a positive return on investment whether markets are rising or falling.
1 Hedge funds' frequent employment of derivatives, short selling, and leverage create significant skewness and kurtosis in their return distributions. Because of their speculative bets and active trading, the probability distribution of hedge fund returns is often characterized by asymmetric and leptokurtic behavior (fat tails) that are affected by event risks.
2 Hedge funds, for example, suffered large losses during the 1997 Asian currency crisis, the 1998 Russian debt crisis, and the recent credit crunch. As an asset class, hedge funds were 1 Despite the fact that hedge funds are marketed as absolute return or market-neutral investments that generate positive returns in both good and bad market conditions, Asness et al. (2001) , Chen and Liang (2007) , Patton (2009), and Bali et al. (2011) show that hedge fund returns are exposed to market factors. 2 Mitchell and Pulvino (2001) , Malkiel and Saha (2005) , Bali et al. (2007) , and Fung et al. (2008) provide evidence for departures from normality for the hedge funds' return distributions with significant tail risk. Brown et al. (2012) show that this tail risk exposure may not be diversifiable, which suggests that compensation for tail risk exposure could explain hedge fund returns. not alone in experiencing significant losses during the recent financial crises. However, their dynamic trading, use of derivatives, and arbitrage strategies generate payoff structures that are often nonlinear functions of the returns of the underlying assets, which in some cases magnify the extent of the losses that occur. Scott and Horvath (1980) show that under weak assumptions with respect to investors' utility functions, investors prefer high first and third moments (mean and skewness) and low second and fourth moments (standard deviation and kurtosis). In other words, investors have preference for assets with higher expected return and larger positive skewness, whereas they dislike assets with higher volatility and higher kurtosis. A negative skew is often held to be a measure of left tail risk to the extent that it is consistent with a long left tail of the return distribution, with the bulk of the values (possibly including the median) lying to the right of the mean. High kurtosis means that more variance can be attributed to infrequent extreme returns and is consistent with a sharper peak and longer tails than would be implied by a Normal distribution. Large negative skewness and large values of kurtosis generate high downside risk particularly for hedge funds.
This paper investigates whether hedge fund strategies dominate the U.S. equity and bond markets. Because the empirical return distribution of hedge fund portfolios as well as the distributions of equity and bond returns exhibit significant departures from normality, the mean-variance (MV), Sharpe ratio, and alpha comparisons do not provide an accurate characterization of the relative strength of different asset classes. It is well known that the return distributions of financial securities are skewed and fat tailed with significant excess kurtosis, which motivates us to consider alternative methodologies when comparing the performance of hedge fund portfolios with the U.S. equity index as well as the short-term and long-term Treasury securities.
This paper is the first to utilize the almost stochastic dominance (ASD) approach of Leshno and Levy (2002) , and the manipulation-proof performance measure (MPPM) of Goetzmann et al. (2007) to examine the relative performance of hedge fund portfolios. The ASD approach does not require a parametric specification of investors' preferences and does not make any assumptions about asset returns. Instead, ASD imposes general conditions regarding preferences and considers the entire return distribution with high-order moments. In addition to the utility-based nonparametric approach of Leshno and Levy (2002) , we use the MPPM of Goetzmann et al. (2007) , which is a parametric approach but similar to the ASD approach is also utility based. We contribute to the literature by using these more generalized approaches, which robustly and accurately identify the relative performance of hedge fund strategies with respect to the equity and bond markets.
The results from the realized and simulated return distributions indicate that popular hedge fund strategies, long/short equity hedge and emerging markets, outperform the U.S. equity market. However, the remaining nine hedge fund indices considered in the paper do not generate superior performance over the S&P 500 index. For short-to medium-term investment horizons, the long/short equity hedge, multistrategy, managed futures, and global macro hedge fund strategies dominate the U.S. Treasury market. For long investment horizons, most hedge fund strategies perform better than the one-month and 10-year Treasury securities.
This paper is organized as follows. Section 2 describes the decision rules and investors' preferences. Section 3 evaluates the performance of hedge fund strategies based on the ASD approach. Section 4 presents results from the traditional and manipulation-proof performance measures. Section 5 provides results from downside risk-adjusted performance measures. Section 6 investigates the relative strength of hedge fund portfolios using time-varying conditional distributions. Section 7 concludes this paper.
Decision Rules

Classical Decision Rules
Classical investment decision-making rules may fail to provide a preference between two portfolios, although it is clear that all investors or almost all investors would choose one portfolio over the other. The reason for this failure can be demonstrated by a simple example with two portfolios, H and L:
where H and L represent portfolios with high and low expected returns, respectively. The expected returns on portfolio H and L are denoted by H and L , respectively, whereas the corresponding standard deviations are denoted by H and L . For portfolio H to dominate portfolio L by the mean-variance rule, both H ≥ L and H ≤ L must hold. As presented in the above example, portfolio H has a significantly higher expected return and slightly higher volatility, which implies no dominance in the MV framework. However, in a randomly selected group of investors, all would clearly choose portfolio H over portfolio L because the decline in their expected utility from the slightly higher volatility is much less than the increase in their expected utility from the significantly higher expected return. Hence, the MV rule is unable to distinguish between two investment choices though all investors would prefer H over L. Further insight can be gained using cash flows for the H and L portfolios as shown in Table 1 , where the probability of each state (low, medium, and high) and the corresponding cash flows of the H and L portfolios are given. For portfolio H to dominate portfolio L by the first-order stochastic dominance (FSD) rule, the cumulative distribution of portfolio H should strictly plot below the cumulative distribution of portfolio L. As shown above, for most of the probable region, the cumulative distribution of H plots below that of L. However, there is a small violation area in the low state (in which portfolio H earns $1, whereas portfolio L earns $2). Therefore, portfolio H does not dominate portfolio L by the FSD rule. Yet, in any randomly selected sample of investors, one should not be surprised to find that all investors would choose H over L. On the other hand, for an investor with a utility function u x = x for x < 2 and u x = 2 for x ≥ 2, H does not necessarily dominate L. But, this utility function implies that the investor is indifferent between getting $2 and $1 million, hence, it is called a pathological utility function, which is economically irrelevant.
The above examples present the limitations of the decision rules based on extreme representations of the paradoxes. However, these examples are not unique, as many other cases with such a paradox can easily be created. To solve this issue, Leshno and Levy (2002) proposed rules known as the ASD rules, which are appropriate after eliminating the pathological preferences. Using these ASD rules, one can avoid paradoxes demonstrated above. In this paper, we utilize the ASD rules as well as the classical investment decision rules to explain the phenomena of investing in hedge funds in an expected utility paradigm.
First-Order Stochastic Dominance. Let there be two risky portfolios, H and L and denote F H and F L as the cumulative distribution of H and L respectively. Portfolio H dominates portfolio L by FSD (H 1 L) if F H r ≤ F L r for all return values r and a strict inequality holds for at least some r. In other words, H 1 L iff E H u r ≥ E L u r for all u ∈ U 1 , where U 1 is the set of all nondecreasing differentiable real-valued functions.
Second-Order Stochastic Dominance. High expected return portfolio (H) dominates low expected return portfolio (L) by SSD (H 2 L) if r − F L s − F H s ds ≥ 0 for all r and a strict inequality holds for at least some r. In other words, H 2 L iff E H u r ≥ E L u r for all u ∈ U 2 , where U 2 is the set of all nondecreasing real-valued functions such that u ≤ 0.
Almost Stochastic Dominance Rules
To introduce the concept of almost stochastic dominance rules, we first define the violation area. When considering whether H dominates L, the region where the cumulative distribution of H is above the cumulative distribution of L is called the violation area (denoted by V in Figure 1) , which is the reason why H fails to dominate L.
More specifically, the violation area V is
3 where the FSD violation range is given by
We define the empirical violation area as where F H and F L have a finite support [min max]. In Equation (2), 1 is defined as the area above r 1 r 2 (area V in Figure 1 ) divided by the total absolute area enclosed between F H and F L (area V + K in Figure 1 ). Clearly 1 = 0 implies FSD. On the other hand, when 1 > 0, there is no FSD, but there may be almost FSD (AFSD). Whether H dominates L by AFSD depends on whether nonzero empirical violation area 1 is small enough. What is small enough is an empirical question. Suppose that for each investor i we observe the highest value of 1 (denoted by * 1 i ) such that this investor prefers H over L. Then, the minimum of * 1 i across all investors provides the critical value * 1 = min * 1 i
In other words, even when H is not preferred over L because of a small violation area, as long as this violation area estimated by the empirical data is smaller than the critical value (i.e., 1 < * 1 ), we conclude that H is preferred over L by AFSD. As originally discussed by Levy et al. (2010) ,
such that U * 1 denotes the set of all nondecreasing utility functions excluding the pathological preferences. Then for all u ∈ U Notes. This figure illustrates a case where H has a much higher mean than L, but because of the negative area within the interval [r 1 r 2 ] (i.e., area Q), there is no SSD of H over L. Yet, if area Q is "relatively small" and E H r − E L r is "relatively large," ASSD may exist.
that this condition holds if and only if E H u r ≥ E L u r for all u ∈ U * 1 . Figure 2 presents a case where H has a much higher mean than L, but because of the negative area within the return interval r 1 r 2 (i.e., area Q), there is no SSD of H over L because the integrated area between F H and F L becomes positive at the beginning of area Q (i.e., by the return value r 1 ).
Suppose that, in most of the return interval, F H is below F L as demonstrated in Figure 2 . We define the SSD violation range by
Then, the empirical SSD violation area, 2 , is defined as
where 2 is defined as the area above r 1 r 2 (area Q in Figure 2 ) divided by the total absolute area enclosed between F H and F L . Similar to the critical * 1 value for the AFSD, * 2 is obtained from the minimum values of * 2 i across all investors. As described by Bali et al. (2009) and Levy et al. (2010) , * 2 is obtained similarly from a series of experimental studies and found to be 3.2% for the almost second-order stochastic dominance (ASSD) rule. 4 More formally, ASSD is defined as follows. 4 In the appendix, we conduct several simulation analyses to show that the critical values used in our empirical analysis are robust indicators of almost all investors' choice of a high-return portfolio over a low-return portfolio. Specifically, randomization and Almost Second-Order Stochastic Dominance. Define the set of preferences U * 2 as
Then for all u ∈ U * 2 , H dominates L by ASSD, iff 2 ≤ * 2 . Clearly if 2 = 0 then SSD is obtained. For 2 > 0 there is no SSD, but ASSD may be obtained.
Empirical Results
Data
The hedge fund data set is obtained from Lipper TASS database, and as of December 2011, it contains information on a total of 17,383 defunct and live hedge funds with total assets under management close to $1.3 trillion. Between January 1994 and December 2011, of the 17,383 hedge funds that reported monthly returns to TASS, we have 10,587 funds in the defunct/graveyard database and 6,794 funds in the live hedge fund database. One interesting observation is the large size disparity seen among hedge funds, where the size of a fund is measured as the average monthly assets under management over the life of the fund. Based on our data, while the mean hedge fund size is $118.3 million, the median hedge fund size is only $31.8 million. This suggests the existence of very few hedge funds with very large assets under management, which again reflects the true hedge fund industry standards.
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Earlier studies (e.g., Brown et al. 1992 Brown et al. , 1999 Ackermann et al. 1999; Liang 1999; Agarwal and Naik 2000; Fung and Hsieh 2004; Kosowski et al. 2007; Fung et al. 2008 ) recognize the sample selection bias issues inherent in all hedge fund research and address these issues in various ways. We follow this literature by including both live (6,794 funds) and dead funds (10,587) in our sample to eliminate survivorship bias. We find that if the returns of nonsurviving hedge funds (graveyard database) had not been included in the analyses, there would have been a survivorship bias of approximately 2% in average annual hedge fund returns. 6 In dealing with the backfill bias bootstrapping methodologies are used to examine the p-values corresponding to the critical values ( * 1 and * 2 ). In the online appendix (available at http://faculty.msb.edu/tgb27/), we estimate the confidence intervals using a large scale of simulation analyses. 5 See Liang (2003) and Bali et al. (2007) . 6 This finding is comparable to those of earlier studies of hedge funds. Liang (2000) reports an annual survivorship bias of 2.24%, Edwards and Caglayan (2001) report an annual survivorship bias of 1.85%, Bali et al. (2011) report an annual survivorship bias of 1.74%, and Bali et al. (2012) report an annual survivorship bias of 1.91%. Notes. This table presents the descriptive statistics of monthly returns on the hedge fund portfolios, S&P 500 index, one-month Treasury bill, and 10-year Treasury bond for the sample period January 1994-December 2011. The table reports the mean, median, standard deviation, skewness, kurtosis, minimum, maximum, and Jarque-Bera (JB) statistics along with the p-values. JB = n S 2 /6 + K − 3 2 /24 is a formal statistic for testing whether the returns are normally distributed, where n denotes the number of observations, S is skewness, and K is kurtosis. The JB statistic is distributed as the chi-square with two degrees of freedom.
(e.g., Aggarwal and Jorion 2010), we find that there is a one-year gap between the first performance date and the date that the fund is added to the database. We discover that the average annual return of hedge funds during the first year of existence is, in fact, 1.8% higher than the average annual returns in subsequent years. To avoid backfill bias, we follow Fung and Hsieh (2000) and delete the first 12-month return histories of all individual hedge funds in our sample. Last, to address the multiperiod sampling bias and to obtain sensible measures of risk for funds, we require that all hedge funds in our study have at least 24 months of return history (see Kosowski et al. 2007 ) to mitigate the impact of multiperiod sampling bias.
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After all of these requirements, we have 11,973 surviving and defunct funds in our sample (6,812 dead funds and 5,161 live funds). We compute the equal-weighted average returns of funds for each of the 11 investment styles reported in the TASS database to generate hedge fund indices: 8 convertible arbitrage, dedicated short bias, emerging markets, equity market neutral, event driven, fixed income arbitrage, fund of funds, global macro, long/short equity hedge, managed futures, and multistrategy. The performance of the U.S. equity market is measured by the S&P 500 index returns, and the perfor- 7 In this paper, we do not analyze the biases related to selfreporting. Conditional on self-reporting, Agarwal et al. (2013a) find significant evidence of both a timing bias and a delisting bias. Their results also indicate that self-reporting and nonreporting funds do not differ significantly in return performance. 8 We have three more strategies in the TASS database: (i) options strategy, (ii) other, and (iii) undefined. However, there are either very few observations for these strategies, or their investment methods or the maintained positions are not clear. Hence, we prefer to focus on the main 11 investment styles in the TASS database.
mance of the short-term and long-term U.S. Treasury securities is proxied by the one-month and 10-year Treasury returns, respectively. 
Classical Investment Decision Making
In this section, we compare the performance of 11 hedge fund strategies with the S&P 500 index, one-month Treasury bills (T-bills), and 10-year Treasury bonds (T-bonds) using the classical selection rules based on the mean-variance and stochastic dominance criteria. First, we assess the relative performance of hedge fund investment styles with reference to the S&P 500 index. Table 2 shows that the average monthly return on the S&P 500 index is 0.56% and the standard deviation is 4.53% per month for the sample period January 1994-December 2011. Nine out of 11 hedge fund strategies have higher average return and lower standard deviation. Specifically, the long/short equity hedge, emerging markets, multistrategy, event driven, managed futures, global macro, equity market neutral, fixed income arbitrage, and convertible arbitrage strategies have average monthly returns in the range of 0.99% to 0.62%, with the monthly standard deviations ranging from 0.91% to 4.27%. Hence, based on Markowitz's (1952) MV criterion, we conclude that the aforementioned nine hedge fund strategies dominate the U.S. equity market.
However, as presented in Table 2 , there are significant departures from normality in the return distribution of hedge fund portfolios. Specifically, the empirical return distributions are skewed, peaked around the mean, and leptokurtic with significant excess kurtosis. To formally test whether the hedge fund returns are normally distributed, we compute the Jarque-Bera (JB) statistics that strongly reject the null hypothesis of normality for all hedge fund strategies. 10 The significance of high-order moments and JB statistics indicate that we need to take into account the differences in the entire return distributions of hedge fund and S&P 500 indices to determine which hedge fund strategies outperform the equity and bond markets.
Next, we consider the FSD criterion. For the hedge fund portfolio to dominate the S&P 500 index, the cumulative distribution of the hedge fund portfolio should always plot below the cumulative distribution of the S&P 500 index. One very practical way of observing whether this dominance criterion is violated is to look at the tails of the return distributions. If the minimum monthly return of the hedge fund portfolio is lower than that of the S&P 500 index, then the hedge fund index fails to dominate the S&P 500 index. For example, the emerging markets strategy has a staggering minimum monthly return of −22% compared with −17% for the S&P 500 index. Although the cumulative distribution of the emerging markets hedge fund index plots mostly below the cumulative distribution of the S&P 500 index, it plots above the cumulative distribution of the S&P 500 index for low return intervals. Similarly, the maximum returns of the convertible arbitrage, equity market neutral, event driven, fixed income arbitrage, fund of funds, global macro, long/short equity hedge, managed futures, and multistrategy hedge fund strategies are smaller than the maximum return (10.77%) of the S&P 500 index. Although short bias beats the S&P 500 index at the maximum and minimum values, it has a cumulative return distribution that plots above the cumulative distribution of the S&P 500 index for some other return intervals. Hence, none of the hedge fund indices performs better than the S&P 500 index in the sense of FSD.
Overall, these results indicate that although some of the hedge fund strategies outperform the S&P 500 index based on the mean-variance criterion, the distributional comparisons accounting for the higher-order moments do not point out the superior performance of hedge fund portfolios over the U.S. equity market index.
We now investigate whether the hedge fund strategies perform better than the short-term and long-10 Another notable point in Table 2 is that the kurtosis is the highest for strategies such as convertible arbitrage, and fixed income arbitrage and is the lowest for managed futures. This may be due to the liquidity of the underlying securities hedge funds invest. term fixed income securities. As reported in Table 2 , the average returns on the one-month and 10-year Treasury securities are 0.26% and 0.55% per month. The corresponding standard deviations are 0.17% and 2.10% per month, respectively. Because both the average returns and standard deviations of the hedge fund indices are greater than the average returns and standard deviations of the one-month Treasury bill, there is no MV dominance of the hedge fund market over the short-term Treasury market. Interestingly, five hedge fund indices have mean-variance dominance over the long-term Treasury market: multistrategy, event driven, global macro, equity market neutral, and fixed income arbitrage strategies have higher average returns and lower standard deviations compared with the 10-year Treasury returns. However, these five hedge fund indices do not dominate the 10-year Treasury in the sense of FSD because their maximum returns are lower than the maximum return of the 10-year Treasury bond (8.54%). Besides, their cumulative return distributions plot above the cumulative distribution of the 10-year Treasury bond for some other return intervals. Overall, we find that none of the hedge fund portfolios outperforms the one-month T-bill and 10-year T-bonds in the sense of FSD either.
Almost Dominance
The fact that the classical decision rules (MV and FSD) cannot identify the relative performance of hedge fund indices may have two reasons: (i) the practice of investing in hedge fund portfolios is not supported by the expected utility paradigm, or (ii) the limitations of these decision rules cause the failure of showing a dominance of some of the hedge fund strategies with more profitable distributional characteristics, even though almost all investors would choose them over the S&P 500 index and Treasury securities with relatively less favorable distributional characteristics. some of the hedge fund portfolios at longer horizons may be justified within the expected utility paradigm. Therefore, we investigate the dominance of hedge fund indices for longer horizons. We compute longterm returns for the hedge fund and S&P 500 indices as well as the one-month and 10-year Treasury securities by cumulating monthly returns.
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We first examine the cumulative distributions of each hedge fund strategy and the S&P 500 index for investment horizons of one to five years. Specifically, we first determine the minimum and maximum return values of the two time series (say long/short equity hedge fund and S&P 500 indices). Then, we create a return bin, which consists of return values starting from the minimum return of the long/short equity hedge and S&P 500 indices going through the maximum return of the corresponding portfolios with 0.1% increments. Therefore, the size of this return bin depends on the minimum and the maximum values of the long/short equity hedge and S&P 500 indices and the precision parameter (i.e., size of the increments, which we hold fixed at 0.1%). After we create the return bin, we form the cumulative distributions by simply computing, for each portfolio, the percentage of times that a portfolio incurs a lower return than the corresponding return number in the bin. Thus, the number of data points in the cumulative distributions is equal to the size of the return bin. We should note that several other precision parameters generate very similar results.
For each comparison, we define A 1 as the estimated area between the cumulative distributions when the cumulative distribution of the long/short equity hedge fund portfolio with a higher mean plots above the cumulative distribution of the S&P 500 index with a lower mean (i.e., V in Figure 1 ). Similarly, we define A 2 as the estimated area between the cumulative distributions when the cumulative distribution of the S&P 500 index plots above the cumulative distribution of the long/short equity hedge fund portfolio (i.e., K in Figure 1 ). Then 1 is computed as the violation area (A 1 ) divided by the total area between the cumulative distributions of the long/short equity hedge fund and S&P 500 indices, i.e., 1 = A 1 / A 1 + A 2 .
Panel A of Table 3 reports 1 values for each hedge fund strategy compared with the S&P 500 index for one-to five-year investment horizons. Panel A shows that for one-year horizon, 1 equals 0.16% for the 12 As will be discussed in this section, hedge fund strategies become gradually stronger as we move from a one-year to a five-year investment horizon. This suggests that the time diversification effects are greater for hedge funds as compared with stocks and bonds. In fact, this effect is even more pronounced for illiquid style categories (e.g., emerging markets), where share restrictions are more likely to be used. long/short equity hedge fund index, implying that the cumulative distribution of the long/short equity hedge fund portfolio is above the cumulative distribution of the S&P 500 index less than 1% of the time. As pointed out earlier, to obtain AFSD, the violation area must be lower than 5.9%. Because the empirical value of 1 = 0 16% is lower than the critical value of epsilon, * 1 = 5 9%, the long/short equity hedge fund index dominates the S&P 500 index by AFSD at one-year horizon. The only other hedge fund strategy that dominates the U.S. equity market is the emerging markets hedge fund index with 1 = 2 13%. Their superior performance continues for longer horizons as well. For two-, three-, four-, and five-year investment horizons, the long/short equity hedge and emerging markets hedge fund strategies beat the U.S. stock market. However, the remaining nine hedge fund strategies do not generate superior performance over the S&P 500 index in the sense of AFSD.
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Another interesting observation in Table 3 is that although 1 values are greater than the critical value of 5.9% for managed futures and multistrategy, they do fairly well compared with the nondirectional or semidirectional strategies such as equity market neutral, convertible arbitrage, and fixed income arbitrage. Overall, the results indicate that moving from nondirectional/semidirectional to strongly directional strategies, the probability of those specific hedge fund strategies dominating U.S. equity markets increases.
Panel B of Table 3 presents 1 values for each hedge fund strategy compared with the one-month Treasury bills for one-to five-year investment horizons. Panel B shows that for one-year horizon, 1 equals 1.31% for the global macro hedge fund index, 2.22% for the managed futures, 3.44% for the multistrategy, and 5.80% for the long/short equity hedge, all of which are lower than the critical value * 1 = 5 9%. These results indicate that at one-year horizon, the global macro, managed futures, multistrategy, and long/short equity hedge fund strategies outperform the one-month T-bills based on the AFSD. For two-year investment horizon, in addition to the global macro, managed futures, multistrategy, and long/short equity, the fixed income arbitrage, equity market neutral, and event driven hedge fund indices also beat the short-term Treasury market. For three-, four-, and five-year investment horizons, all hedge fund strategies (with the only exception of short bias) 13 In the online appendix, we investigate the relative performance of the long/short equity hedge and emerging markets strategies against the remaining nine hedge fund strategies during up and down markets. Stock market upturns and downturns are defined based on the median S&P 500 index return, observations above (below) the median are denoted as up market (down market). The results indicate superior performance of the long/short equity hedge during rises of the market and superior performance of emerging markets during large falls of the market. Table 3 Almost First-Order Stochastic Dominance Notes. This table presents the empirical estimates of 1 for one-to five-year investment horizons. For each comparison, we define A 1 as the area between the cumulative distributions when the cumulative distribution of a hedge fund portfolio plots above the cumulative distribution of the S&P 500 index or Treasury security (V in Figure 1 ). Similarly, we define A 2 as the area between the cumulative distributions when the cumulative distribution of the S&P 500 index (or Treasury security) plots above the cumulative distribution of the hedge fund portfolio (K in Figure 1 ). The measure of 1 for AFSD is defined as A 1 / A 1 + A 2 and is calculated using the actual data for the sample period January 1994-December 2011. The critical value for 1 is * 1 = 5 9% for AFSD. The results are presented based on the comparison of actual empirical return distributions. Panels A, B, and C present results from comparing the hedge fund portfolios with the S&P 500 index, one-month Treasury bill, and 10-year Treasury bond, respectively.
perform better than the one-month Treasury bill in the sense of AFSD.
Panel C of Table 3 repats our analysis for 10-year Tresuary bonds. Panel C shows that for all investment horizons, the global macro, managed futures, multistrategy, and long/short equity hedge fund strategies outperform the 10-year Treasury bond based on the AFSD. For the one-year investment horizon, in addition to the aforementioned four strategies, the equity market neutral and fixed income arbitrage also beat the long-term Treasury market. For four-and fiveyear investment horizons, most hedge fund strategies (with the exception of short bias, fund of funds, fixed income, convertible arbitrage, and equity market neutral) perform better than the 10-year Treasury security in the sense of AFSD.
Next, we present results from the ASSD analysis. For each distributional comparison, we define A 3 as the estimated area between the cumulative distributions of the long/short equity hedge fund and S&P 500 indices, when the cumulative distribution of the long/short equity hedge fund portfolio plots above such that the aggregated area between the two distributions becomes positive (i.e., Q in Figure 2 ). The area A 4 is the estimated total absolute area enclosed between the two distributions. Then 2 is computed as the ratio of the violation area (A 3 ) to the total absolute area, i.e., 2 is computed using Equation (6), 2 = A 3 /A 4 . As discussed earlier, 2 values help us determine the ASSD of hedge fund portfolios. Panel A of Table 4 shows that even though most of the hedge fund strategies achieve ASSD over the S&P 500 index for shortterm investment horizons of one and two years, there is no ASSD dominance of the fund of funds and short bias. Specifically, 2 values are estimated to be higher than the critical value of * 2 = 3 2% for the fund of funds and short bias for one-and two-year horizons. For three-, four-, and five-year horizons, all hedge fund strategies (with the only exception of short bias) outperform the U.S. equity market in the sense of ASSD. Panel B of Table 4 shows that at the one-year horizon, only the global macro, managed futures, multistrategy, and long/short equity hedge fund strategies outperform the one-month T-bills based on the ASSD. The remaining seven hedge fund strategies do not outperform the short-term Treasury security at one-year horizon. For long investment horizons of four and five years, all hedge fund strategies have ASSD dominance over the one-month Treasury bills, with the exception of short bias. Panel C of Table 4 reports that for all investment horizons, the global macro, managed futures, multistrategy, and long/short equity hedge fund strategies outperform the 10-year Treasury bond based on the ASSD. However, the remaining seven hedge fund indices do not have ASSD dominance over the long-term Treasury market for one-, two-, and three-year investment horizons. For long-term investment horizons of four and five years, in addition to the global macro, managed futures, multistrategy, and long/short equity hedge fund strategies, the emerging markets and event driven strategies have success in terms of outperforming the 10-year Treasury in the sense of ASSD.
Confidence Bands for the AFSD Statistics
We have so far provided evidence from the realized empirical return distributions. In the online appendix (available at http://faculty.msb.edu/tgb27/), Table 4 Almost Second-Order Stochastic Dominance Notes. This table presents the empirical estimates of 2 for one-to five-year investment horizons. For each comparison, we define A 3 as the estimated area between the cumulative distributions of a hedge fund and S&P 500 indices (or Treasury security), when the cumulative distribution of the hedge fund portfolio plots above such that the aggregated area between the two distributions becomes positive (i.e., Q in Figure 2 ). We define A 4 as the estimated total absolute area enclosed between the two distributions. Then 2 is computed as the ratio of the violation area (A 3 ) to the total absolute area, i.e., 2 is defined as 2 = A 3 /A 4 and is calculated using the actual data for the sample period January 1994-December 2011. The critical value for 2 is * 2 = 3 2% for ASSD. The results are presented based on the comparison of actual empirical return distributions. Panels A, B, and C present results from comparing the hedge fund portfolios with the S&P 500 index, one-month Treasury bill, and 10-year Treasury bond, respectively.
we analyze in depth cumulative distributions of hedge fund indices based on simulated return series. In this section, we show how to use this simulation evidence to estimate confidence bands for the AFSD statistics. We focus on the two main series: long/short equity hedge and emerging markets. The actual data are based on 216 monthly observations. For k-month horizon (k = 12 to 60 months), we generate the simulated data by randomly picking k monthly observations 2,000 times and compounding these k observations to generate one-year to five-year returns. These simulated series are used to obtain simulated 1 values. This process is repeated 1,000 times, and, hence, for each horizon, 1,000 1 values are generated. Because we rely on the simulations of the simulated 1 values, considerable processing power is required. For example, to compare two return series at a 60-month horizon and to obtain 1,000 1 values, we use 120 million return observations for each series.
For each horizon, the distribution of 1,000 1 values is generated, and the mean and standard deviation of the estimated 1 values are computed. In addition, 1% confidence intervals for the AFSD statistics are obtained by using the bootstrap estimate of standard errors of the 1,000 1 values, i.e., the observed standard deviation of repeated bootstrap replications without any scaling. Panel A of Table IV of the online appendix presents these statistics to compare the performance of the long/short equity hedge with the S&P 500 index, and panel B of Table IV reports these statistics to compare the emerging markets strategy with the S&P 500 index. Table IV shows that 1 estimates are extremely precise with highly restricted confidence bands. For example, for three-year investment horizon, the long/short equity hedge dominates the S&P 500 index with a mean simulated epsilon value of 2.27%, and the 1% confidence interval of this 1 value is [2.15%, 2.38%]. Similarly, for the three-year investment horizon, the emerging markets strategy dominates the S&P 500 index with a mean simulated epsilon value of 0.05%, and the corresponding 1% confidence interval is [0.04%, 0.06%]. We conclude that very accurate estimates of the ASD statistics with highly narrow confidence intervals are obtained for all investment horizons.
Traditional and Manipulation-Proof
Performance Measures Goetzmann et al. (2007) point out the vulnerability of the traditional performance measures to a number of simple dynamic manipulation strategies and develop a manipulation-proof performance measure:
where R p t and r f t are the portfolio return and the risk-free interest rate at time t. Goetzmann et al. (2007) transform the measure so that Equation (7) can be interpreted as the annualized continuously compounded excess return certainty equivalent of the portfolio. They relate the MPPM with some benchmark portfolio that is chosen to be the market index. They show that if the benchmark market portfolio has a lognormal return, 1 + r m t , then the parameter should be selected so that
In our empirical analyses, we allow to change for different data frequencies, and we keep t = 1.
In Equation (8), the market return, r m , is proxied by the S&P 500 index, and the risk-free rate, r f , is proxied by the one-month Treasury bill.
The MPPM of Goetzmann et al. (2007) is a sophisticated parametric approach and, similar to ASD, is also utility-based. Hence, we test whether the utilitybased parametric measure of MPPM and the utilitybased nonparametric measure of ASD generate similar rankings for the relative performance of hedge fund strategies.
Panel A of Table 5 presents the MPPMs for the hedge fund strategies and the S&P 500 index for the sample period January 1994-December 2011. A notable point in Table 5 is that for all investment horizons, the long/short equity hedge and emerging markets strategies produce the highest MPPMs compared with the other hedge fund strategies and the S&P 500 index. Specifically, for the short-term horizon of one year, the MPPMs for the long/short equity hedge and emerging markets hedge fund portfolios are, respectively, 0.0911 and 0.0789, whereas the MPPM for the S&P 500 index is only 0.0244. For the long-term horizon of five years, the MPPMs for the long/short equity hedge and emerging markets styles are, respectively, 0.4688 and 0.4906, whereas the MPPM for the S&P 500 index is only 0.0622. Consistent with our earlier findings from the ASD approach, the short bias, equity market neutral, fixed income arbitrage, convertible arbitrage, and fund of funds are consistently among the worst performers for all investment horizons. Another notable point in Table 5 , panel A, is that for all investment horizons, the multistrategy is the closest follower of the long/short equity hedge and emerging markets indices. The MPPMs for the long/short equity hedge are in the range of 0.0911 to 0.4688, whereas the MPPMs for the multistrategy range from 0.0770 to 0.4065. Overall, the results indicate that the directional hedge funds with dynamic trading strategies produce the highest MPPMs, whereas the least directional hedge fund strategies are among the worst performers. 14 14 Bali et al. (2012) show that hedge fund managers deliver significant alpha by increasing or decreasing their portfolios' aggregate exposure to risk factors by timely predicting the changes in financial and economic conditions. They find that hedge funds following directional, dynamic trading strategies correctly adjust their aggregate exposure to changes in risk factors, whereas this type of skill is low for funds following nondirectional strategies, such as equity market neutral, fixed income arbitrage, and convertible arbitrage funds. Consistent with Bali et al. (2012) , we find that the directional strategies outperform the nondirectional investment styles. Agarwal et al. (2013b) uncover hedge fund skill from the portfolio holdings they hide. After examining the confidential holdings of hedge funds, they find that funds managing large risky portfolios with nonconventional strategies seek confidentiality more frequently, and their portfolio holdings exhibit superior performance up to one year. Table 5 Manipulation As discussed earlier, the ASD approach of Leshno and Levy (2002) does not require a parametric specification of investors' preferences and does not make any assumptions about asset returns. Instead, ASD imposes general conditions regarding preferences and considers the entire return distribution with highorder moments. Similar to the ASD approach, the MPPM of Goetzmann et al. (2007) is a utility-based performance measure. Overall, the results in panel A of Table 5 provide strong evidence that the utilitybased parametric measure of MPPM and the utilitybased nonparametric measure of ASD generate very similar rankings for the relative performance of hedge fund strategies. Now we investigate whether the traditional measures produce different rankings for the relative strength of hedge fund strategies. We use three standard measures: (i) the Sharpe ratio, (ii) the Treynor ratio, and (iii) the seven-factor alpha. The Sharpe ratio, defined as the excess return (expected return in excess of the risk-free rate) per unit of standard deviation, is used to characterize how well the return of an asset compensates the investor for the risk taken. The Treynor ratio is defined as the excess return per unit of market beta. Whereas the Treynor ratio works only with systemic risk of a portfolio, the Sharpe ratio observes both systemic and idiosyncratic risks.
The Sharpe and Treynor ratios have been challenged with regard to their appropriateness as fund performance measures during evaluation periods of declining markets. As long as the returns are normally distributed, these traditional measures can be useful for ranking individual assets or portfolios. However, not all asset or portfolio returns are normally distributed. Abnormalities like skewness, kurtosis, fatter tails, and higher peaks of the distribution can be problematic for these ratios, as standard deviation does not have the same effectiveness when these nonnormalities exist.
Panels B and C of Table 5 report the Sharpe and Treynor ratios for the hedge fund strategies and the S&P 500 index for the period 1994-2011. A first notable point in panels B and C is that the portfolio rankings based on the Sharpe and Treynor ratios are sensitive to the investment horizon. Another notable point is that depending on the investment horizon, the long/short equity hedge and emerging markets strategies are ranked seventh or eighth based on the Sharpe ratios of 11 hedge fund strategies, although the long/short equity hedge and emerging markets are consistently the best performers based on the ASD measure and MPPM. Likewise, based on the comparisons of Treynor ratios in panel C, the long/short equity hedge is ranked in the range of 6th and 9th, and the emerging markets generally fluctuates between 5th and 11th depending the investment horizon. Similar inconsistencies exist in panels B and C for the other hedge fund portfolios as well.
The most important feature of panels B and C is that the directional funds with dynamic trading strategies (e.g., the long/short equity hedge and emerging markets) are ranked among the worst performers, whereas the least directional funds with inactive trading strategies are ranked among the best performers according to these traditional measures.
In addition to the Sharpe and Treynor ratios, we estimate the monthly alphas of the hedge fund portfolios based on the seven-factor model of Fung and Hsieh (2004) . Specifically, we use the S&P 500 index as a proxy for the equity market factor, the SMB (small-minus-big) factor of Fama and French (1993) as a proxy for the size factor, and the five trendfollowing factors of Fung and Hsieh (2001) to proxy for the nonlinear asymmetric payoff patterns of the hedge fund strategies. 15 The excess monthly returns of hedge fund indices are regressed on a constant and the seven factors. The magnitudes of seven-factor alphas reported in panel D of Table 5 indicate that the top four performers are the managed futures, the long/short equity hedge, multistrategy, and emerging markets strategies, with respective alphas of 0.87%, 0.61%, 0.60%, and 0.55% per month. A first notable point in panel D is that the long/short equity hedge and emerging markets strategies are not the best performers based on the seven-factor alphas. In addition to having managed futures as the best performer, the multistrategy performs almost as well as the long/short equity hedge and even better than the emerging market index. Another notable point is that although the emerging markets style is ranked fourth among the 11 hedge fund strategies, the seven-factor alpha (0.55% per month) for the emerging markets is statistically insignificant, with a very low Newey-West t-statistic of 1.43. Interestingly, the short bias, equity market neutral, and fixed income arbitrage strategies-among the worst performers according to the ASD measure and MPPM-are ranked right after the long/short equity hedge and emerging markets strategies with statistically significant alphas. Panel D also shows that the managed futures, multistrategy, and global macro strategies that consistently outperform the U.S. Treasury market and generate similar ASD measures and MPPMs in our earlier tables are now differentiated by the seven-factor alphas.
Although the performance rankings obtained from the seven-factor alphas turn out to be closer to 15 The five trend-following factors of Fung and Hsieh (2001) are (i) the return of bond lookback straddle, (ii) the return of currency lookback straddle, (iii) the return of commodity lookback straddle, (iv) the return of short-term interest rate lookback straddle, and (v) the return of stock index lookback straddle. These trend-following factors are provided by David Hsieh at http://faculty.fuqua.duke.edu/~dah7/HFRFData.htm (accessed August 2012).
the ASD measures and MPPMs (compared with the Sharpe and Treynor ratios), we still observe some inconsistencies in the alpha comparisons. 16 The results in Table 5 indicate that because the return distributions exhibit significant departures from normality, the Sharpe and Treynor ratios as well as the alphas do not provide an accurate characterization of the relative strength of hedge fund portfolios.
Downside Risk-Adjusted Performance Measures
The mean-variance analysis developed by Markowitz (1952) critically relies on two assumptions: either the investors have a quadratic utility or the asset returns are jointly normally distributed. Both assumptions are not required, just one or the other: (i) If an investor has quadratic preferences, she cares only about the mean and variance of returns, but she will not care about extreme losses, and (ii) mean-variance optimization can be justified if the asset returns are jointly normally distributed because the mean and variance will completely describe the distribution. However, as discussed earlier, the empirical distribution of hedge fund returns is skewed and has fat tails, implying that extreme events occur much more frequently than predicted by the Normal distribution. Therefore, the traditional measures of market risk are not appropriate to estimate the maximum likely loss that a fund can expect to lose under highly volatile periods. There is a long literature about safety-first investors who minimize the chance of disaster (or the probability of failure). The portfolio choice of a safetyfirst investor is to maximize expected return subject to a downside risk constraint. Roy's (1952 ), Baumol's (1963 , Levy and Sarnat's (1972) , and Arzac and Bawa's (1977) safety-first investor uses a downside risk measure that is a function of value at risk (VaR). Following these studies, we use a modified Sharpe ratio that replaces standard deviation with the 1% VaR:
where E R p − r f is the expected excess return on a hedge fund portfolio, and the 1% VaR is computed 16 Agarwal and Naik (2000) point out that hedge funds' extensive use of leverage can sometimes obscure alpha measures. They show that alpha is inappropriate for hedge funds because it is not invariant to leverage. Instead, they argue for the appraisal ratio defined as the ratio of alphas to the standard error of the factor model regressions (see Brown et al. 1992 ). The literature relies on the Treynor ratio and the Treynor appraisal ratio to negate the leverage effect on alpha. Although the Treynor measure has some undesirable statistical properties (in repeated samples as the ratio of asymptotically Normal variates with nonzero means it is distributed as Normal-Cauchy and has no finite moments), it is at least invariant to leverage.
using the left tail of the empirical return distribution (one percentile of the actual return distribution).
Panel A of Table 6 shows that when VaR is used as a measure of risk in the modified Sharpe ratio, the long/short equity hedge and emerging markets strategies are ranked between fourth and eighth for one-to three-year investment horizon. Even though, for fouryear investment horizon, the long/short equity hedge is the best performer, the emerging markets strategy is ranked eighth among 11 hedge fund strategies. For five-year investment horizon, the long/short equity hedge and emerging markets strategies are ranked third and fifth, respectively. Another notable point in Table 6 is that for all investment horizons, almost all hedge fund strategies (with the exception of short bias) outperform the S&P 500 index. Hence, replacing standard deviation with VaR does not generate a robust, consistent ranking among alternative investment styles.
In addition to the mean-VaR ratio, we use an alternative risk-adjusted measure of performance based on the maximum drawdown. The maximum cumulative loss from a market peak to the following trough, often called the maximum drawdown (MDD), is a measure of how sustained one's losses can be. Large drawdowns usually lead to fund redemptions, and so the MDD is the risk measure of choice for many fund managers-a reasonably low MDD is critical to the success of any fund. The Calmar ratio is a downside risk-adjusted performance measure based on MDD:
where MDD is computed as the largest drawdown for one-to five-year investment horizons during the sample period 1994-2011. The results from the Calmar ratio are similar to those obtained from the ASD measure and MPPM. Panel B of Table 6 shows that when MDD is used as a measure of downside risk, the long/short equity hedge and emerging markets strategies are consistently the best performers among 11 hedge fund portfolios. According to the Calmar ratio in Equation (10), the worst performers are the short bias, fixed income arbitrage, equity market neutral, and fund of funds strategies. The maximum drawdown indicates the greatest loss an investor could suffer if an investment is bought at its highest price and sold at the lowest. Hence, the Calmar ratio is considered a good indicator of the emotional pain an investor could feel if the fund suddenly swings downward.
Finally, we use the Sortino ratio based on the lower partial second moment (LPM 2 ). The Sortino ratio (named after Frank A. Sortino), measures the downside risk-adjusted return of an investment. It is a modification of the Sharpe ratio, but penalizes only those returns falling below a user-specified target, or required rate of return, whereas the Sharpe ratio penalizes both upside and downside volatility equally. The Sortino ratio is calculated as
where h is the target level of returns, and f R represents the probability density function of returns. The measure LPM 2 is built on the notion of semivariance and the lower partial moment of Markowitz (1959) . The semivariance is the expected value of the squared negative deviations of the possible outcomes from the mean, whereas the more general LPM 2 uses a chosen point of reference (h). The main heuristic motivation for the use of the LPM in place of variance as a measure of risk is that the LPM measures losses (relative to some reference point), whereas variance depends on gains as well as losses. In our empirical analysis, the target return h (or a minimum acceptable return) is assumed to be the risk-free rate. Lower Sortino ratios signify investments with a greater risk of large losses and should be avoided by risk-averse investors. Similar to our findings from the mean-VaR ratio, replacing the standard deviation with LPM 2 does not generate a robust, consistent ranking among hedge fund strategies. Panel C of Table 6 shows that for investment horizons of one, two, and four years, the long/short equity hedge and emerging markets strategies are ranked between fourth and eighth. For the three-year investment horizon, the long/short equity hedge and emerging markets strategies are ranked fourth and sixth, respectively. However, for the fiveyear investment horizon, the long/short equity hedge is the best performer, whereas the emerging markets style is ranked eighth. According to the Sortino ratio in Equation (11), the worst performers are generally the short bias, convertible arbitrage, and fund of funds strategies. Similar to our findings from the mean-VaR ratio, all hedge fund strategies (with the exception of short bias) outperform the S&P 500 index for all investment horizons.
Overall, the results in Table 6 indicate that the downside risk-adjusted performance measures (meanVaR, Calmar, and Sortino ratios) produce conflicting evidence for the relative performance of hedge fund strategies. In other words, the general conclusion is sensitive to the choice of a downside risk measure.
Time-Varying Conditional Distributions
We have so far investigated the realized empirical return distributions. However, in practice investors or fund managers are not able to observe the future return distributions. Instead, they form expectations about possible outcomes on their portfolios using some state variables in their information set. Hence, in essence the relative performance of hedge funds, stocks, and bonds depends on the conditionally expected return distributions. In this section, we examine the relative strength of hedge fund strategies with reference to equity and bond markets using time-varying conditional distributions. There is substantial evidence that the distribution of financial asset returns is skewed and shows high peaks and fat tails. To account for skewness and kurtosis in the data, we use the skewed generalized error distribution (SGED) of Bali and Theodossiou (2008) that takes into account the nonnormality of returns and relatively infrequent events. The probability density function for the SGED is
3/k −0 5 ; and are the mean and standard deviation of returns r t , respectively; is a skewness parameter; sign is the sign function; and · is the gamma function. The scaling parameters k and obey the following constraints: k > 0 and −1 < < 1. The parameter k controls the height and tails of the density function, and the skewness parameter, , controls the rate of descent of the density around the mode of r, where mode r = − > 0 implies that the density function is skewed to the right (positive skewness), whereas < 0 implies that the density function is skewed to the left (negative skewness).
To take into account skewness and tail thickness as well as the time-series variation in the moments of the return distribution, we use the conditional SGED density with time-varying conditional mean and volatility:
where r t is the return that follows the conditional SGED density, t t−1 is the conditional mean, and 2 t t−1 is the conditional variance of returns based on the information set up to time t − 1, t−1 . The conditional variance measure 2 t t−1 in Equation (15) is the GARCH (generalized autoregressive conditional heteroscedasticity) model, originally proposed by Bollerslev (1986) , which defines the current conditional volatility as a function of the last period's unexpected news and the last period's volatility. The conditional mean t t−1 in Equation (14) is parameterized as a function of the one-month lagged return, r t−1 , i.e., an AR(1) process:
The parameters of the conditional SGED density are estimated by maximizing the conditional loglikelihood function of r t with respect to the parameters in t t−1 and Log L t t−1 t t−1 k
where C, , and are defined below Equation (13), sign is the sign of the residuals (r t − t t−1 + t t−1 ), and n is the sample size.
In this section, we compare the relative performance of the long/short equity hedge and emerging markets strategies with the U.S. equity and bond markets. We first estimate the parameters of the conditional SGED density for the long/short equity hedge and emerging markets styles and the S&P 500 index, one-month, and 10-year Treasury returns for the sample period January 1994-December 2011. Once we generate the conditional distributions, we investigate the relative strength of the hedge fund styles for investment horizons of one to five years. As presented in Table 7 , 1 values are very small for all investment horizons and for both hedge fund styles, which implies that after accounting for the time variation and nonlinearities in the conditional return distributions, the directional hedge funds remain more dominant than the U.S. equity and bond markets. Comparing the results from the unconditional distributions in Table 3 with the results from the conditional distributions in Table 7 clearly indicates that the relative strength of the long/short equity hedge and emerging markets strategies becomes stronger when investors form their ex ante expectations with the conditional skewed fat-tailed distributions as opposed to forming unconditional expectations.
Conclusion
Because the return distribution of hedge fund portfolios as well as the distribution of equity and bond returns exhibit significant departures from normality, the classical selection rules do not provide an appropriate framework to explain investors' preferences Table 7 Comparing Time-Varying Conditional Distributions
Long/short equity hedge 1-year 2-year 3-year 4-year 5-year S&P 500 0 0006 0 0000 0 0000 0 0000 0 0000 One-month T-bill 0 0001 0 0000 0 0000 0 0000 0 0000 10-year T-bond 0 0294 0 0055 0 0088 0 0049 0 0000
Emerging markets S&P 500 0 0233 0 0000 0 0000 0 0000 0 0000 One-month T-bill 0 0130 0 0000 0 0000 0 0000 0 0000 10-year T-bond 0 0588 0 0000 0 0000 0 0000 0 0000
Notes. This table compares the relative performance of the long/short equity hedge and emerging markets strategies with the U.S. equity and bond markets. The parameters of the conditional SGED are estimated for the long/short equity hedge and emerging markets strategies, and the S&P 500 index, one-month and 10-year Treasury returns for the sample period January 1994-December 2011. Once the time-varying conditional distributions are obtained, the relative strength of the hedge fund market is determined based on the AFSD criterion. The table presents the empirical estimates of 1 for the conditional return distributions.
among these alternative investment choices. Different from the existing literature, we examine the practice of investing in hedge funds by using the ASD approach of Leshno and Levy (2002) that does not require a parametric specification of investors' preferences and does not make any assumptions about asset returns.
The results indicate that popular hedge fund strategies (long/short equity hedge and emerging markets) outperform the U.S. equity market. However, the remaining nine hedge fund strategies considered in this paper do not generate superior performance over the S&P 500 index. We also investigate the almost stochastic dominance of hedge fund and bond markets. The relative performance of hedge fund portfolios with respect to the one-month Treasury bills is found to be sensitive to the choice of investment horizon. For the short-term investment horizon of one-year, the global macro, managed futures, multistrategy, and long/short equity hedge fund strategies outperform the one-month T-bills based on the AFSD. The remaining seven hedge fund strategies do not outperform the short-term Treasury security at the one-year horizon. For longer investment horizons, all hedge fund strategies (with the only exception of short bias) perform better than the one-month Treasury bill in the sense of AFSD. Finally, we compare the performance of hedge fund portfolios with the 10-year Treasury bonds for one-to five-year investment horizons. For all investment horizons, the global macro, managed futures, multistrategy, and long/short equity hedge fund strategies outperform the 10-year Treasury bond based on the AFSD. For the one-year investment horizon, in addition to the aforementioned four strategies, the equity market neutral and fixed income arbitrage strategies also beat the long-term Treasury market. For four-and five-year investment horizons, most hedge fund strategies (with the exception of short bias, fund of funds, fixed income, convertible arbitrage, and equity market neutral) perform better than the 10-year Treasury security in the sense of AFSD.
In addition to the utility-based nonparametric approach of Leshno and Levy (2002) , we use the utility-based parametric measure of Goetzmann et al. (2007) . The MPPM of Goetzmann et al. (2007) produces very similar findings; the directional funds with dynamic trading strategies are ranked among the best performers, whereas the least directional funds with inactive trading strategies are ranked among the worst performers. However, the contradictory and unstable results are obtained from the traditional performance measures (mean-variance rule, Sharpe and Treynor ratios, and alphas). We also use measures of modified Sharpe ratio that replace standard deviation with the VaR, the MDD, and the LPM 2 . The results indicate that the mean-VaR and Sortino ratios, replacing standard deviation with VaR and LPM 2 , respectively, do not generate a robust, consistent ranking among hedge fund strategies. However, the results from the Calmar ratio replacing standard deviation with MDD are similar to those obtained from the ASD measure and MPPM. Overall, we find that the downside riskadjusted performance measures produce conflicting evidence for the relative performance of hedge fund strategies. Hence, the ASD measure and MPPM are more appropriate when assessing the performance of hedge fund strategies. critical values are obtained. Levy et al. (2010) conducted experiments based on 400 subjects' choices by defining the economically relevant set of preferences and the corresponding almost decision rules that avoid the paradoxical results. The results of these experiments are very robust and are almost unaffected by the magnitude of the asset returns as well as the asset classes under consideration. Hence, we argue that the critical values used in our empirical analysis ( * 1 = 5 9% * 2 = 3 2%) are robust indicators of almost all investors' choice of a portfolio with favorable distributional characteristics.
However, one may still be concerned about the sensitivity of the critical values to the aforementioned experimental studies. To relieve any potential concerns, we conduct several bootstrapping and randomization analyses. In this section, we present results from three distinct simulations to determine the statistical inference of * 1 and * 2 . Specifically, these bootstrapping and randomization analyses generate the p-values corresponding to the critical values used in the paper.
We first rely on the randomization technique. We use the monthly S&P 500 index returns for the sample period from January 1926 to December 2010 and generate the distribution of 1 and 2 in repeated samples. In each run of the simulation, we pick (with replacement) two series of 1,000 monthly return observations from the S&P 500 index. We then compute values of 1 and 2 for those two series and record them. This exercise is repeated 1,000 times, which generates 1,000 1 and 2 values. Because, in each run of the randomization, the repeated samples are drawn from the same empirical distribution of S&P 500 returns, the null hypothesis is that the two return series do not dominate each other, i.e., the computed 1 and 2 values are not expected to be lower than * 1 = 5 9% and * 2 = 3 2%, respectively.
Panel A of Table A .1 presents the statistics for the distribution of 1 and 2 obtained from the randomization analyses. Specifically, the minimum, maximum, mean, standard deviation, and the 1, 5, 10, 25, 50, 75, 90, 95 , and 99 percentiles of the generated 1 and 2 values are reported.
We determine with what probability the computed 1 and 2 values from randomization are lower than the critical values when the underlying distribution is in fact the same. As expected, the mean and the median of 1 are close to 0.5, indicating that, on average, the cumulative distribution of one randomized return series is above the cumulative distribution of the other randomized series 50% of the time. As expected, the computed 1 and 2 are also bounded between 0 and 1. Most importantly, the left tail of the distribution shows the number of simulations (out of 1,000 runs) that generate 1 values that are lower than the critical value used in the paper. As shown in panel A of Table A .1, even the 5th percentile of the distribution of 1 is 6.25%, which is greater than * 1 = 5 9%, which implies that the estimated 1 values reported in our tables have p-values lower than 5%. Similarly, the second row of panel A shows that the p-value of 2 is also slightly lower than 5%.
In our second set of analyses, we rely on a bootstrapping methodology. During the sample period January 1926-December 2010, the S&P 500 index has a mean of 0.61% per month and a standard deviation of 5.54% per month. Simulated return series are generated based on the assumption of normality. Specifically, in each run of the bootstrap, two return series of 1,000 monthly observations are drawn from a normal distribution with the same mean and standard deviation of the S&P 500 index. Then, 1 and 2 values are computed for each run. The analysis is repeated 1,000 times, and the distribution of 1 and 2 are generated as described earlier.
The results reported in panel B of Table A .1 turn out to be very similar to our earlier findings in panel A. The 5th percentile of the distribution of 1 is 6.03%, which is greater than * 1 = 5 9%, implying that the estimated 1 values reported in our tables have p-values lower than 5%. Similarly, the second row of panel B shows that the p-value of 2 is also slightly lower than 5%.
Finally, in unreported results, we also conduct an analysis in which the two time series are drawn from a normal distribution with similar (but not identical) return moments. Specifically, one return series is drawn from a normal distribution with the mean and standard deviation of the S&P 500 index return (0.61% and 5.54% per month, respectively), and the other return series is drawn from a normal distribution with a slightly higher mean and standard deviation (0.65% and 6.00% per month, respectively). This procedure is repeated 1,000 times, and it is concluded that the distribution of 1 and 2 provide p-values that are smaller than 5%.
Doing the statistical inference correctly is one of the main difficulties associated with the stochastic dominance rules based on the empirical distribution of returns. Consistent results obtained from the bootstrapping and randomization analyses provide evidence that the critical values ( * 1 = 5 9%, * 2 = 3 2%) used in the paper are robust indicators of almost all investors' choice of a portfolio with favorable distributional characteristics.
